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Fast Recognition of Greenhouse Tomato Targets Based on
Attention Mechanism and Improved YOLO

ZHANG Junning' BI Zeyang' YAN Ying' WANG Pengcheng' HOU Chong® LU Shusheng’

(1. Mechanical and Electrical Engineering College, Beijing Information Science and Technology University, Beijing 100092, China
2. Chinese Academy of Agricultural Mechanization Sciences Group Co. , Lid. , Beijing 100083, China)
Abstract; In order to realize the rapid and accurate recognition of greenhouse tomato fruit by agricultural
picking robot in the complicated environment of greenhouse, a fast target detection method for greenhouse
tomato fruit based on attention mechanism and improved YOLO v5s was proposed. According to the
characteristics of small size and fast speed of YOLO v5s ( You only look once v5s) model, the
convolutional block attention module (CBAM) was added into the backbone network. By concatenating
spatial attention module and channel attention module, the problem of color similarity between green
tomato fruit and its background was solved. More attention was paid to the target features of green tomato
fruit to improve the recognition accuracy. Replacing GloU Loss with CloU Loss as the new loss function of
the algorithm contributed to improve the positioning accuracy while improving the bounding box regression
rate. The test results showed that the recognition accuracy of the CB — YOLO network model for red
tomato fruit detecting precision and green tomato fruit detecting precision and mean average precision in
greenhouse environment was 99. 88% , 98. 18% and 99. 53% , respectively. Compared with Faster R —
CNN network model, YOLO v4 — tiny network model and YOLO v5 network model, the detection
accuracy and the mean average precision were improved. The CB — YOLO model was deployed to Android
system of mobile phones after being tested by different mobile phones, which verified the stability of the
performance detection of the deployment model under actual working condition. It will provide technical
support for target detection and harvesting based on robotic mobile edge computing in facility
environments.
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Fig.1 Tomato images in complex environments

in greenhouse
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Tab.1 Test-related model parameters
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Tab.4 YOLO v5 ablation experiment result
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Fig.6 Comparison of different algorithm results
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Tab.5 Results of all test indexes of four models
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Tab.6 Test indicators of different mobile phone models

oAt AN SROEM B
FONE 7 5B
#/GB K/ % KEE/ % /%
vivo Y85A 4 Android 8.0 94.8 95.3 95.1
(a) vivo YSSAZ Honor v30 8 Android 11.0 95.5 95.7 95.6
Honor X30 8  Harmony0S2.0.0 94.7 94.9 94.8
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